In this paper, we present a dictionary based classification approach for salt dome detection using texture based attributes. The proposed algorithm overcomes the drawbacks of existing texture attributes based salt dome detection techniques which are heavily dependent upon the relevance of attributes to the geological nature of salt domes and the number of attributes used for classification. The algorithm works by combining the attributes from the Gray Level Co-occurrence Matrix (GLCM) and those from the Gradient of Texture (GoT) attributes with a dictionary-based learning approach to classify the boundaries of salt regions. The combination of GLCM and GoT attributes ensures that the proposed algorithm works well even if the salt boundary is represented only by a weak reflector. Contrary to other texture attributes based salt dome detection techniques, our algorithm works with a minimum set of features and is shown to be independent of the amplitude variations in seismic data. We tested the proposed algorithm on the Netherlands offshore F3 block. Our experimental results show that the proposed algorithm can detect salt bodies with high accuracy superior to existing gradient based as well as texture based techniques when used separately.
INTRODUCTION
Salt domes are largely subsurface geologic structures that consist of cylinders of salt. Major accumulations of oil and Gas are associated with salt domes. The task of detecting salt body boundary and shape accurately is very difficult due to large noise and amplitude variations in seismic data. Due to the limitations of manual picking, automatic segmentation algorithms are preferred to locate salt domes within the seismic images. Most of the automated and semi-automated salt dome detection algorithms, found in the literature, use edge detection methods, Normalized Cuts Image Segmentation (NCIS), Active Contour Models (ACM), or texture attributes based methods.
The edge detection based techniques discussed by Jing et al. (2007) and Aqrawi et al. (2011) are really useful in detecting broadly the salt dome boundaries in seismic data. The Sobel edge detector, which computes the first derivative, is the most common operator used in the detection of salt domes. However, in absence of a strong reflector along the salt boundary, the different edge detection based techniques do not produce accurate results .
The Normalized Cuts Image Segmentation (NCIS) algorithm discussed by Shi and Malik (2000) detects the salt domes by solving a global optimization problem, and therefore is less sensitive to local discontinuities. The method was applied to the problem of detecting salt boundaries by Lomask and B. Biondi (2003) , Lomask et al. (2004) , and Lomask et al. (2006) . NCIS based algorithms are computationally expensive and therefore are not suitable for real time seismic interpretation. Salt boundary segmentation methods based on the ACM, discussed in Zhang and Halpert (2012) and Hauks et al. (2013) , combine the expert interpreter input with automatic segmentation. The initial boundary information is provided by a human expert. The refined boundary is found based on such initial information and a number of numerical iterations.
Salt boundaries are often characterized by changes in texture rather than reflectivity. Therefore, using only boundary-sensitive attributes such as instantaneous amplitude may result in incorrect interpretation of salt bodies. Salt dome detection methods using texture attributes were discussed in Berthelot et al. (2012) , Berthelot et al. (2013) , and Hegazy and AlRegib (2014) . The challenge with texture based schemes is to obtain the most important features/attributes representing texture information.
In this work, we propose a robust salt dome detection approach based on dictionary based learning. Despite the substantial literature on the dictionary based classification, segmentation methods based on such a model have not been used in seismic applications for salt dome detection. We use a dictionary based learning model in which we combine the GLCM attributes with the GoT attributes to overcome the weaknesses of existing amplitude based salt dome detection methods. Our algorithm produces finer results using reduced number of features as compared to the other texture attributes based salt dome detection methods.
THE PROPOSED SALT DOME DETECTION ALGORITHM
The proposed algorithm works by creating a dictionary from the available training data. The training slices are first divided into small patches. Next, we compute the GLCM and GoT features for these patches. A few features are selected and concatenated to form a dictionary. For a given test slice, the proposed scheme first divides it into small non overlapping patches. By solving an l 1 minimization problem, each patch is classified as either a salt boundary or a non-salt boundary patch. We get the outline of the salt boundary by classifying all the patches. Fig. 1 shows the flowchart for the proposed algorithm. We will now discuss each of the blocks from Fig.1 in more details.
Gray Level Co-occurance Matrix (GLCM) attributes
The GLCM approximates the joint probability distribution of two gray levels in an image. The high values away from the diagonal in a GLCM reveals sharp gray level changes whereas the high values close to the diagonal reveals small variations in gray levels. The GLCM based attributes discussed by Haralick et al. (1973) were first applied by Gao (2003) to detect salt boundaries. These attributes can detect the changes in texture among a pair of pixels along a chosen direction and neighborhood. 
where q d,θ (i, j) represents the number of occurrences of gray levels separated by a distance d in direction θ . From the GLCM, the following attributes are obtained:
GLCM Entropy: GLCM Entropy is computed as:
where P(i,j) is the joint probability distribution obtained from the co-occurrence matrix. The value of this attribute is high for dipping reflector and low for salt areas.
GLCM Energy: GLCM Energy is computed as:
The value of this attribute is high for strong reflectors along the salt boundary.
GLCM variance: GLCM variance is calculated as:
where µ i is the mean calculated over a window of length N. Salt structures have low GLCM variance whereas the surrounding areas have high variance.
Gradient of Texture (GoT) attributes
We introduce here the concept of Gradient of texture to capture the change in the texture of an image by measuring the dissimilarity between neighborhood windows. The GoT is computed at each pixel (i,j) as: 
where G x is the texture gradient in x direction, G y is the texture gradient in y direction, and W − and W + are the neighborhood widows. The value of this attribute is low for smooth texture area and high where there is a change in the texture. The boundary of salt dome has high GoT value as compared to salt and non-salt regions.
Classification using Dictionary based Learning
The fundamental principle of texture based classification is to use the training features from n distinct textures covering different classes to correctly classify a given test sample. The n training feature vectors, each of length m, are stacked to construct a dictionary D = [v 1 , v 2 , ..., v n ] ∈ R m×n . The columns of the dictionary D are then the features of n training textures.
For the salt dome detection, we consider two classes of textures: i) Salt boundary texture, ii) Non-salt boundary texture. A dictionary D is then represented as:
(8) where n 1 and n 2 are the number of training samples of salt boundary and non-salt boundary patches. D 1 = v 1,1 , v 1,2 , ..., v 1,n 1 ∈ R m×n 1 is the matrix containing feature samples from the salt boundary class, and D 2 = v 2,1 , v 2,2 , ..., v 2,n 2 ∈ R m×n 2 is the matrix containing feature samples from the non-salt boundary class.
A test sample y ∈ R m belonging to the salt boundary class will lie in the linear span of D 1 , given that D 1 has enough training samples, and can be projected as:
where c 1,1 , c 1,2 , ....., c 1,n 1 are scalar values. For the complete dictionary D which contains feature vectors from both classes, the linear representation of y can be rewritten as:
where c 2,1 , c 2,2 , ....., c 2,n 2 have zero values. Therefore
where x = c 1,1 , c 1,2 , ...., c 1,n 1 , 0, 0, ...., 0 is a vector whose only non-zero entries are the ones that are associated with the salt boundary class.
Give a test sample, y, from a salt boundary class and the dictionary D, we first compute x. The system y = Dx is underdetermined and x is sparse, therefore, we can solve the following l 1 minimization problem.
Solving l 1 norm minimization problem is computationally intensive. The cost of the solution using linear programming is of order O(n 3 ) which is extremely slow for seismic data of very large size. Alternatively, other approximation methods such as orthogonal matching pursuit algorithm (Donoho et al. (2006) ), and Homotopy (ul Haq et al. (2012)) can be used.
For an exact match, the non-zero entries inx will be associated with the columns of D corresponding to the salt boundary patches only. For all the other columns, the entries will be zero. However, this is not true due to limited number of training samples. Therefore, to classify y, we can sum the entries ofx associated with each class and select the class which gives the maximum value.
class(y) = argmax i r i (y)
where α(x i ) contains the entries of the estimated vectorx associated with class i. For our case, we will select the maximum from r 1 (y) ad r 2 (y) where r 1 (y) is the sum of the elements ofx associated with salt boundary and r 2 (y) is the sum of elements ofx associated with non-salt boundary.
Algorithm 1, below, describes the construction of the dictionary.
Algorithm 1: Dictionary Construction 1. From the available seismic dataset, select N patches of size L × L for training.
2. Compute K GLCM and GoT features for each training patch.
3. Select M features such that M < K.
4. Stack the M feature samples for training patches to create a dictionary D ∈ R M×N .
Based on the above dictionary, we outline our proposed classification algorithm for salt dome detection
Algorithm 2: Summary of the Proposed Method 1. Create a dictionary from the given training data for two classes: i) class 1: salt boundary, ii) non-salt boundary (Use Algorithm 1) .
2. Divide the input test Inline into L × L non overlapping patches.
3. For each patch, compute and select M GLCM ad GoT features such that y i ∈ R m 4. For each patch,solve the l 1 minimization problem x = argmin x 1 sub ject to Dx = y 5. Compute r 1 (y) = k 1 α(x 1 ) and r 2 (y) = k 2 α(x 2 )
6. Identify the class of all the patches using class(y) = argmax {r 1 (y), r 2 (y)}
EXPERIMENTAL RESULTS
We tested our salt dome detection method on the Netherlands offshore F3 block acquired in the North Sea. We selected 100 Inline sections each of size 200 x 300. The dictionary was created using 400 training patches of size 5 x 5.The training patches were selected equally from salt boundary and nonsalt boundary classes. For each patch, the proposed algorithm computes 25 GLCM energy features, entropy features, variance features, and GoT attributes. From these 100 features, using simple principal component analysis, we obtained the most important 16 features to create the dictionary. The optimal feature set was obtained after intensive testing and is found to account for more than 90% of the total energy in the total feature set.
Inline # 362 is considered as a test case. The test inline is divided into non overlapping patches of size 5 x 5. Fig.3 (b) shows the classification result for the salt boundary patches using the dictionary. We see here that most of the boundary patches are correctly classified. Fig.3 (c) shows the ground truth and the salt boundary detected for the Inline # 362 using the proposed method. The green boundary here is the ground truth, and red is the boundary produced by the proposed method. We see that the proposed method is able to outline the boundary with excellent accuracy.
Two more examples are provided in Figure 4 for Inlines # 376 and 510 using the proposed method. The salt boundaries produced by the proposed method are very close to the ground truth. The proposed algorithm gives excellent results even for the Inline # 510 which has an uneven salt boundary.
We compared the performance of our method with the GLCM based classification method proposed by Berthelot et al. (2012) . For the GLCM based method, 100 features per training patch are used as compared to 16 used by the proposed method. Figure 5 shows the classification results using the proposed method and the GLCM based method. The green boundary here is the ground truth, red is the boundary produced by the proposed method, and blue is the boundary produced by the GLCM based method. We can see that our results are much better in terms of accuracy than the GLCM based method. Figure 6 shows the boundary points using the proposed method, the GLCM method, and the ground truth points. We can see that the boundary produced by our algorithm is very close to the ground truth. The boundary produced by the GLCM method deviates a lot from the ground truth and loses the track at many points. We show in Figure 7 the classification accuracy for the Inline # 362 to 372 using the proposed method and the GLCM based method. The proposed method,using 6 times less features than the GLCM based method, gives an average accuracy of 90% which is 4% higher than the GLCM based method. 
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CONCLUSION
In this paper, we introduced a new approach for salt dome detection using a dictionary based classification framework. The feature set used with such a framework consist of an optimal set obtained by projecting traditional features from the Gray Level Co-occurrence Matrix (GLCM) as well as Gradient of Texture (GoT) attributes using a dictionary-based learning approach. By combining the GLCM and the GoT attributes, we ensure that the proposed algorithm achieves excellent detection accuracy even when the salt boundary is represented by very weak reflectors. We tested our approach on the Netherlands offshore F3, block and showed that the proposed algorithm can detect salt bodies with excellent accuracy outperforming different existing techniques.
